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Resumo

A insuficiéncia cardiaca (IC) afeta mais de 64 milhdes de pessoas em todo o mundo
e representa uma carga significativa para os sistemas de saude. A avaliagdo precisa
da fungao cardiaca é essencial para o acompanhamento e tratamento da IC, sendo a
ecocardiografia o padrao-ouro clinico para a medi¢cao de intervalos de tempo cardiacos
(CTls), como o Periodo Pré-Ejetivo (PEP) e a Fragao de Ejecdo do Ventriculo Esquerdo
(LVEF). No entanto, o elevado custo e a necessidade de pessoal especializado limitam
0 acesso a esta técnica. Esta dissertagdo investiga métodos alternativos e ndo invasivos
para estimar os CTls a partir de registos de eletrocardiograma (ECG) e fonocardiograma
(PCG). O ECG capta a atividade elétrica do coragéo, enquanto o PCG regista os sons
cardiacos associados aos movimentos mecanicos das valvulas. O trabalho inclui o de-
senvolvimento de um pipeline Beat-by-Beat para segmentagdo automatica dos pontos
fiduciais no ECG e PCG, bem como a proposta de uma abordagem robusta baseada no
Batimento Cardiaco Mediano (Median Heartbeat) para melhorar a estimativa dos CTls
em sinais de baixa qualidade. Ambos os métodos sdo comparados entre si e validados
com base em anotagdes de referéncia. Adicionalmente, é analisada a relagao entre os
CTls estimados e os grupos de pacientes estratificados pela LVEF. Os resultados obtidos
reforgcam a viabilidade do uso combinado de ECG e PCG para monitorizagao acessivel
e de baixo custo da fungao cardiaca, especialmente em contextos onde técnicas de ima-

gem convencionais ndo estao disponiveis.

Palavras-chave: Eletrocardiograma, Fonocardiograma, Intervalos de tempo cardiacos,
Periodo pré-ejetivo, Tempo de ejecao ventricular esquerda, Fragcado de ejecédo do ven-

triculo esquerdo, Processamento de sinais biomédicos, U-Net
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Abstract

Heart Failure (HF) affects over 64 million people and places a heavy burden on healthcare
systems. Accurate evaluation of cardiac function is crucial for HF management, and al-
though echocardiography is the clinical gold standard for measuring cardiac time intervals
(CTls) like the Pre-Ejection Period (PEP) and Left Ventricular Ejection Fraction (LVEF), its
high cost and need for specialized personnel limit its accessibility. This thesis investigates
alternative, non-invasive methods for estimating CTls using electrocardiogram (ECG) and
phonocardiogram (PCG) recordings. ECG captures electrical cardiac activity, while PCG
records heart sounds associated with mechanical valve movements. The work involves
developing a Beat-by-Beat pipeline for segmenting ECG and PCG fiducial points, and a
robust Median Heartbeat Approach to improve CTI estimation in low-quality recordings,
comparing both methods, and validating their estimates against ground truth annotations.
Additionally, it examines how the estimated CTIs relate to patient groups stratified by
LVEF. The findings support the feasibility of using ECG and PCG for accessible, cost-
effective monitoring of cardiac function, particularly in contexts where traditional imaging

is not available.

Keywords: Electrocardiogram, Phonocardiogram, Cardiac time intervals, Pre-ejection pe-
riod, Left ventricular ejection time, Left ventricular ejection fraction, Biomedical signal pro-

cessing, U-Net
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1. Introduction
1.1. Overview

Cardiovascular diseases (CVDs) are the leading cause of death globally, accounting for
an estimated 17.9 million deaths in 2019, which represents 32% of all deaths worldwide
[1]. Among CVDs, Heart Failure (HF) remains a significant public health challenge, af-
fecting over 64 million people worldwide and imposing a substantial burden on healthcare
resources [2]. Accurate assessment of cardiac function is critical for the diagnosis and
management of HF. Echocardiography (ECHO) is considered the clinical gold standard
for measuring Cardiac Time Intervals (CTIs) such as the Pre-Ejection Period (PEP) and
Left Ventricular Ejection Fraction (LVEF), which are vital indicators of systolic performance
[3]. However, ECHO requires expensive equipment and highly trained personnel, limiting

its accessibility in many settings [4].

Alternatively, non-invasive cardiac monitoring modalities such as the Electrocardiogram
(ECG) and Phonocardiogram (PCG) offer cost-effective and widely available means to
estimate CTls. ECG wide use in cardiac diagnostics can be attributed to its simplicity,
non-invasiveness, and low cost [5]. PCG records the mechanical vibrations of Heart
Sound (HS) and provides information on valve opening and closure, enabling estimation
of PEP and Left Ventricular Ejection Time (LVET) from the timing of the First Heart Sound
(S1) and Second Heart Sound (S2) HS [6]. Recent advances in signal processing and
Machine Learning (ML) have further enhanced the feasibility of extracting these systolic
time intervals from combined ECG and PCG signals, potentially enabling continuous
monitoring of HF patients [7]. Despite these advances, it is essential to validate the

accuracy and clinical utility of ECG- PCG derived measurements.

1.2. Objectives

The primary objective of this thesis is to develop and validate methods for estimating CTls
using non-invasive ECG and PCG recordings. In line with the SMART criteria (Specific,

Measurable, Achievable, Relevant, Time-bound), the specific aims are:

e Specific & Measurable: Develop a beat-by-beat pipeline to segment ECG and
PCG fiducial points, enabling automatic CTls extraction with accuracy evaluated

against annotated datasets.
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Specific & Achievable: Propose a signal pre-processing step (the Median Heart-

beat approach) to extract CTls from low-quality recordings.

Measurable & Relevant: Compare the performance of the Beat-by-Beat extraction
method and the Median Hearbeat approach using quantitative error metrics (e.g.,

mean absolute error, Bland—Altman limits of agreement).

Measurable & Relevant: Validate ECG- PCG derived CTls estimates against

manual annotations taken from these recording.

Relevant & Time-bound: Investigate the correlation between ECG- PCG derived
CTls and patient groups stratified by Left Ventricular Ejection Fraction, completing

the analysis within the thesis project timeline.
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2. Background

This chapter establishes the context for the problem under investigation. It begins by in-
troducing Heart Failure and its critical association with Left Ventricular Ejection Fraction,

which serves as a fundamental indicator of cardiac function.

The discussion then turns to Cardiac Time Intervals measurements that capture the timing
of mechanical and electrical cardiac events. These intervals have been shown to offer
discriminative power in differentiating between patient groups with varying levels of LVEF,

thereby providing a means to assess cardiac performance.

Finally, we highlight how it is possible to identify the physiological events in synchronized
ECG and PCG signals. The precise identification of these fiducial points enables accurate
estimation of key intervals, offering valuable insights into the electromechanical function

of the heart.
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2.1. Heart Failure and Left Ventricular Ejection Fraction

When a patient is suspected to have HF, diagnostic tests are run to confirm or exclude the
HF diagnosis. The diagram in figure 2.1 presents the diagnostic algorithm proposed by
the European Society of Cardiology (ESC) in the “2023 ESC Guidelines for the diagnosis

and treatment of acute and chronic heart failure” [8].

Diagnostic algorithm for heart failure

!

Suspected heart failure
* Risk factors
* Symptoms and/or signs
* Abnormal ECG

!

fi ( NT-proBNP =125 pg/mL ]

or BNP =235 pg/mL

: or if HF strongly suspected
y o if NT-proBNP/BNP unavailable

Echocardiography

!

N—s ( Abnormal findings )

t
il

+

Heart failure confirmed
Define heart failure phenotype
based on LVEF measurement

e

<40%  41-49% = 260%
(HFFEF)  (HFmrEF) | (HFpEF)

() S

Determine aetiology and
commence treatment

Heart failure unlikely

!

Consider other diagnoses

Figure 2.1: HF Diagnosis Pipeline from [8]

The guidelines provided by [8, 9] confirm or exclude the HF diagnosis on the basis of two
tests: the measurement of the plasma concentration of natriuretic peptides (NPs) and
transthoracic echocardiography ( ECHO). The latter is used to extract indices associated
with heart functionality and hemodynamics, which enables a deeper understanding of
underlying causes. The extracted indices serve to calculate LVEF, a central measure of
left ventricular systolic function. It is defined as the fraction of chamber volume ejected in
systole ( Stroke Volume (SV)) in relation to the volume of the blood in the ventricle at the

end of diastole ( End-Diastolic Volume (EDV)) Kosaraju et al. [10].
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Clinical guidelines classify HF phenotypes depending on the measured LVEF:

Table 2.1: Types of Heart Failure and Associated Criteria

Type of Heart Failure (HF) Criteria

HFrEF (Reduced Ejection Fraction) LVEF < 40%
HFmrEF (Mid-range Ejection Fraction) 40% < LVEF < 50%
HFpEF (Preserved Ejection Fraction)  LVEF > 50% (and raised NPs confirm diagnosis)

In addition to these indices, experts in the field recognize the significant potential of Car-

diac Time Intervals (CTIs) for assessing the condition of patients with HF [11].

CTls offer several advantages, particularly for long-term monitoring and routine evalua-
tions. Furthermore, they can also be derived from non-invasive signals such as ECG and
PCG, making them simpler, more cost-effective, and less resource-intensive compared

to ECHO, which requires specialized equipment and operator expertise [12] [13]

Unlike ECHO, these methods provide metrics for assessing ventricular performance with
minimal inter-operator variability. Additionally, their accessibility and ease of repeated

use make them ideal for monitoring disease progression and treatment effects over time.

Although ECHO remains essential for detailed anatomical and functional assessments,
ECG/PCG-based CTls complement them as a practical and efficient alternative in many

clinical scenarios [10].

The following section examines how and which CTls can be extracted from biomedical
signals like PCG and ECG, and how these extracted intervals can discriminate LVEF

intervals.

2.2. Cardiac Time Intervals

Cardiac Time Intervals (CTIs), also known as Systolic Time Intervals (STls), are a mea-
sure of the durations between electrical and mechanical events within the cardiac cycle,
most commonly measured in milliseconds. The relationship between the duration of the
phases of left ventricular systole and the hemodynamics of the cardiac cicle allows for

evaluation of the ventricular performance.
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2.2.1 CTI's from Simultaneous PCG and ECG recording

Traditionally, CTls are measured using echocardiography. However, current research fo-
cuses on developing alternative methods based on simultaneous recordings of biomedical
signals that can be used to extract fiducial points that bound them. Phonocardiography
(PCG), impedance cardiography (ICG), and more recently, seismocardiography (SCG)
have been the methods of choice for detection of Cardiac Time Intervals, when syn-
chronized with ECG. However, in healthy subjects, only SCG and PCG signals provided
a acceptable accuracy and precision in estimating cardiac timings, as compared to ICG

[14].

In this research, we will evaluate the CTI extracted from simultaneous recordings of ECG

and PCG, collected with the Rijuven Cardiosleeve multimodal stethoscope®*.

Figure 2.2 illustrates the relationship between the collected signals and the physiological
events of the cardiac cycle. The remainder of this section focuses on understanding how
these mechanical and electrical events are reflected in the signals, enabling their use as

biomarkers for physiological processes.

1205 Aortic valve | |
10+ opens

: 0
‘ g '

i ; i

80 T i Aortic valve
i

| closes

Aortic pressure

60~ Mitral valve | [ ! !
40- closes | i i Mitral valve

|

|

|

i i

i | opens i i i

20 : ' ‘ : | :
0 ' \ ' \ Atrial pressure

I I S | | |

I I i | | |

Pressure (mmHg)

Ventricular pressure
130+

90

! 1
4 U 1 | |
! : : | : :
- ! !, ] 1 1 1.
*0 i | bR : :
' i g i f T TN——Electrocardiogram
i ‘ : Q s

| 1st i2nd  !3nd | 0 i
“." . Phonocardiogram

Volume (ml)

| Systole ' 3 Diastole| | Systole
| |

Figure 2.2: Wiggers diagram for the left heart function. Adapted from [15]

*https://www.rijuven.com/cardiosleeve
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2.2.2 Phonocardiogram, PCG

PCG is the measure of the heart sounds and is captured using a stethoscope and micro-
phone. These sounds are generated by valve closure as well as by blood flow turbulence
during systole and diastole. In a normal heart, two dominant sounds, S1 and S2, appear

in rhythmical form. These sounds are described in literature [3] has follows:

81, the first heart sound Occurs at the onset of the ventricular systole.

Its first component is usually attributed to the closing of the atrio-ventricular (AV) valves
(mitral and tricuspid), while its second high-frequency component is typically associated

with the vibration induced by the left ventricle ejection.

S2, the second heart sound Occurs at the end of systole which is also the onset of the

ventricular diastole.

It is composed of two main high-frequency components, which are highly correlated with

the closing of the aortic and the pulmonary valves, respectively.

Spectral characteristics S1 and S2 are primarily within 10 Hz—300 Hz, with focused
energy in 50 Hz—150 Hz (S1) and 50 Hz—-200 Hz (S2) [16, 17]. Murmurs can extend up to
600 Hz, but core S1/S2 components rarely exceed 250Hz [18].

Table 2.2: Key heart-sound frequency bands and sampling strategy

Parameter Typical Range

S1 frequency 50 —150Hz
S2 frequency 50 —200Hz

Sampling recommendations Nyquist—Shannon theorem suggests sampling higher than
2x maximum signal frequency. For PCG, sampling at 21 kHz ensures faithful capture of
S1/S2 and murmurs [17, 18]. Accordingly, many studies record at high sampling frequen-

cies (e.g. 2kHz) and downsample to 1kHz [19].

The obtained CardioSleeve ECG records are sampled at 3 kHz and then downsampling
is performed to 1 kHz, which meets Nyquist criteria, reduces data size, and retains diag-

nostic PCG content, aligning with best practices [16-18].
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2.2.3 Eletrocardiogram, ECG

In this study, we analyze electrocardiographic signals acquired from a single-lead ECG.
While single-lead ECGs offer limited spatial resolution compared to standard 12-lead
ECGs, they are increasingly used in wearable and mobile health applications due to their
portability, ease of use, and effectiveness in rhythm monitoring. Bellow is a brief out-
line the key differences between standard 12-lead ECGs and single-lead wearable ECG

systems:

Comparison: 12-Lead ECG vs. Single-Lead Wearable ECG

e 12-lead ECG:
— Uses 10 electrodes to capture 12 leads, providing a comprehensive spatial
(3D) view of cardiac electrical activity.
— Gold standard for diagnosing ischemia, infarction, conduction disturbances,
hypertrophy, etc.[20, 21].
¢ Single-lead (wearable) ECG:
— Typically records lead | (wrist, finger, patch) and offers limited spatial informa-
tion.

— More prone to motion/artifact noise; used in ambulatory/home settings [22].

Fiducial points in specific wave peaks (P, Q, R, S,and T) The ECG waveform results
from a series of coordinated electrical events across the conduction system of the heart,
capturing the cumulative signals. These signals arise from action potential propagation

across cardiac cells, resulting in changes in membrane potential [23].
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2

P QRS T
-— -—

Figure 2.3: The superposition of all the heart action potentials resulting in the ECG
signal.

P wave Represents the depolarization of both atria and the onset of atrial contraction.

The normal cardiac cycle begins with the firing of the sinoatrial node, which is not detected
by a typical ECG. The depolarization of the sinoatrial node is then conducted rapidly
throughout the right and left atria, giving rise to the P-wave. As the P-wave ends, the
atria are thus depolarized and this relates to their contraction. The signal then returns
to baseline while action potentials (not large enough to be detected) spread through the

atrioventricular node and bundle of His.

QRS complex Represents ventricular depolarization and the onset of ventricular con-

traction.

Roughly 200 ms after the beginning of the P-wave, the right and left ventricles begin to
depolarize resulting in the recordable QRS complex, which is approximately 100 ms in

duration.

The first negative deflection (if present) is the Q-wave, the large positive deflection is the

R-wave, and if there is a negative deflection after the R-wave, it is called the S-wave.

As the QRS complex ends, the ventricles are completely depolarized and are contracting.
Importantly, the exact shape of the QRS complex depends on the placement of elec-
trodes from which the signals are recorded. Simultaneous with the QRS complex, atrial

contractions have ended and the atria are repolarizing.
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T wave Represents ventricular repolarization.

Toward the end of ventricular contraction, the ECG signal returns to baseline. The ven-

tricles repolarize after contraction, giving rise to the T-wave. The T-wave is normally the

last detected potential in the cardiac cycle; thus, it is followed by the P-wave of the next

cycle, repeating the process.

2.2.4 CTls extraction from ECG and PCG

Since these two signals capture limited information of the heart’s electrical and mechanical

events, the start and end points of certain CTls may either be directly presentinthe ECG

and PCG signals or require inference. The following table summarizes the key CTls

described in the literature [14, 24] and indicates which intervals can be directly derived or

inferred from these signals:

Table 2.3: Cardiac Time Intervals: PCG and ECG Analysis

Interval Physiological Event

Fiducial Point

Present or Inferred

Onset of ventricular depolarization (Start)

ECG (Q-wave)

Present

Electromechanical Activation Time (EMAT)

Mitral valve closure (End)

PCG (S1)

Present

Onset of ventricular depolarization (Start)
Pre-Ejection Period (PEP)

ECG (R-wave or Q-wave)

Present

Aortic valve opening (End) PCG (S1) Inferred

Mitral valve closure (Start) PCG (81) Present
Isovolumic Contraction Period (IVCP)

Aortic valve opening (End) PCG (S2) Inferred

Aortic valve opening (Start) PCG (S1) Inferred
Left Ventricular Ejection Time (LVET)

Aortic valve closure (End) PCG (S2) Present

Mitral valve closure (Start) PCG (S1) Present
Left Ventricular Systolic Time (LVST)

Aortic valve closure (End) PCG (S2) Present

Onset of ventricular depolarization (Start)
Total Systolic Time (TST) or Total Electromechanical Systole (QS2)

ECG (R-wave or Q-wave)

Present

Aortic valve closure (End)

PCG (S2)

Present

From Table 2.3, it is evident that not all physiological events correspond directly to those

captured by Electrocardiogram (ECG) and Phonocardiogram (PCG) signals. Neverthe-

less, intervals such as Pre-Ejection Period (PEP), Left Ventricular Ejection Time (LVET),
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Total Systolic Time (TST) and Electromechanical Activation Time (EMAT) can still be
reliably estimated due to the close temporal proximity between the actual physiological

events and the detectable signal features used for their calculation.

2.2.5 Derived measures

It should be noted that CTls are inversely proportional with the duration of the cardiac
cycle, as a result most researchers compute corrected CTls by dividing the CTls value by

the RRinterval. Another more popular approach is to calculate two relative dimensionless

CTls ratios, which have been defined as:

e EMAT/LVST: The ratio between the electromechanical delay ( EMAT) and the left

ventricular systolic time ( LVST), based on the closure of the mitral and aortic valves.

e PEP/LVET: The ratio between the pre-ejection period ( PEP) and the left ventricular

ejection time ( LVET), based on the opening and closure of the aortic valve.

The following section explores how these inferred intervals were found to be clinically

feasible when manually extracted from ECG and PCG.

2.2.6 PCG/ECG manually annotated Cardiac Time Intervals’s and Heart Failure
Figure 2.4 illustrates the relative positions of the intervals and their fiducial points:

Normal

ECG

Sound
-+
-?L’-x’

PEP
B ILVET
IVCT
EMAT
e |_\/S T

TST

Figure 2.4: Cardiac Time Intervals delineated by PCG and ECG. Adapted from [25]

The clinical significance of manual annotations in PCG and ECG must be considered in

order to determine whether an automatic approach can achieve comparable accuracy.
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Numerous studies have been conducted to evaluate the feasibility of using simultaneous
PCG and ECG recordings for estimating these intervals. The findings in the literature are
as follows in Table 2.4:

Table 2.4: Measurement errors (ME) and correlation coefficients (r) of the PEP, LVET,
TST, and EMD intervals estimated using different signals synchronous PCG and ECG
according to the literature

Source CTI ME (ms) r Ref. data Approach
PEP 58+49 0.91 Echo Manual, R wave
Carvalho et al (2009)
LVET 14.8 +10.9 0.84
) TST 1.22+10.9 0.94 Echo Manual, Q wave
Dehkordi et al (2019)
EMAT 53+9.7 0.97 TDI

Furthermore, literature [26, 27] highlights associations between CTls extracted from ECG
and PCG and factors such as LVEF, heart function, and clinical outcomes. They outlined
that CTls, such as EMAT, ¢ EMAT, LVST, and PEP/ LVET, have shown significant
promise as biomarkers for assessing heart failure. In [28], the following modifications
were described to occur in the CTls in cases of worsening cardiac functionality due to

HF:

e ¢ EMAT and c PEP increase.
e ¢ LVST and c LVET decrease.

e EMAT/LVST and PEP/LVET increase.

Where ¢ stands for corrected CTls.

Another interesting interval is QT, which represents the time interval when the heart’s
ventricles depolarize and repolarize. A study [29] has found that QT duration (electri-
cal systole) and QS2 duration (electromechanical systole) are closely aligned in healthy
individuals, with QT being slightly shorter. It explored the higher QT and shorter QS2
was found to be a strong predictor of mortality (especially sudden death) after myocardial

infarction.

Now that the relevance and feasibility of extracting these intervals from ECG and PCG
has been established, we can proceed to analyze the automatic approaches for extracting
these intervals as reported in the literature. The following chapter will provide a detailed

review of the relevant studies.
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3. Literature Review

The objective of this literature review is to identify methodologies for the automatic extrac-

tion of CTls from simultaneous ECG and PCG recordings.

Given the importance of accurate and efficient CTls measurement, this review focuses
on exploring existing approaches that utilize ECG and PCG signals to automate CTls
extraction. This chapter aims to highlight key methodologies, their underlying principles,
and to compare their performance. Furthermore, the review seeks to identify gaps and
challenges in current research, providing a foundation for further investigation and poten-

tial advancements in this domain.

3.1. Research Questions

To guide the research performed in the scope of this thesis, the main research question

to be investigated was carefully formulated:

Research Question: What methodologies have been developed to automatically ex-

tract CTls from simultaneous ECG and PCG recordings?

3.2. Search Strategy

This section outlines the strategy and search queries used for the literature review, con-

ducted in accordance with the PRISMA guidelines [30].

3.2.1 Databases

The literature search was performed using PubMed*, IEEE Xploret, MDPI*, and Scopus$,

that were selected for their robust domain relevance and the breadth of relevant content.

3.2.2 Keywords

The keywords employed in this review were categorized according to their respective

domains:

*https://pubmed.ncbi.nim.nih.gov/
Thttps://ieeexplore.ieee.org/Xplore/home.jsp
*https://www.mdpi.com/
Shttps://www.scopus.com/
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¢ ‘ECG” OR "EKG” OR “Electrocardiogram”
e “PCG” OR “Phonocardiogram”

e “CTI” OR “Cardiac Time Interval”

e “STI” OR “Systolic Time Interval’

e "PEP” OR"LVET” OR "LVST” OR "EMAT”

3.2.3 Queries

Search queries were designed and iteratively refined to identify the most relevant papers
while minimizing irrelevant results. The process began with generic keywords and evolved

to include more specific terms, ensuring better alignment with the research objectives.

The initial queries returned an overwhelming number of results, many of which were unre-
lated to the topic. By progressively adding targeted keywords and Boolean operators, the
results were narrowed to achieve better results. Database-specific limitations on Boolean

operators were also considered when structuring the queries.

The final queries and their differences are as follows:

Query 1: ("STI” OR ”Systolic Time Interval” OR "CTI” OR "Cardiac Time Interval”) AND
("ECG” OR "EKG” OR "PCG” OR "Electrocardiogram” OR "Phonocardiogram”)

Query2: ("PEP”OR’LVET”OR”LVST” OR”EMAT”)AND ("ECG” OR”’EKG” OR"PCG”")

The difference between Query 1 and Query 2 lies in their specificity. Query 1 was broader,
targeting general Cardiac Time Intervals and signal modalities, while Query 2 focused on

specific cardiac parameters, refining the search to more precise and relevant results.

Table 3.1: Results of Query 1 and Query 2 across selected databases.

Database Query 1 Results Query 2 Results

PubMed 92 199
IEEE Xplore 35 54
MDPI 177 8

Scopus 232 30
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3.2.4 Selection Process

The selection process for relevant papers was conducted in four stages:

. Elimination of Duplicates: Identical records across databases were identified through

the title and removed. Manual removal was necessary because of missing charac-

”

ters(such s ”.”) and lower and upper characters misalignment.

. Article Characteristics: Records that did not aling with desired characteristics were

not considered

. Title Evaluation: Records were filtered based on relevance indicated by their titles.

. Abstract Evaluation: Abstracts of shortlisted papers were reviewed to assess their

alignment with the research objectives.

. Full-Text Review: A through examination of the remaining papers was conducted to

determine their relevance, including cross-referencing citations for additional perti-

nent studies.

Inclusion Criteria:

Article Characteristics: Article published from 2014 onwards; Peer-reviewed jour-

nal/conference publication; Full-text availability; Written in English Language.
Title: The title must explicitly indicate relevance to CTls and (ECG or PCG).

Abstract: The abstract should clearly describe automatic methodologies for ex-

tracting features from ECG and PCG.

Full-text Review: Article extracts at least one cardiac time interval.
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Identification of studies via databases

Records identified from:
Total with duplicates = 827
Total without duplicates = 655

Duplicate records re-
moved automatically = 63
Duplicate records re-

moved manually = 109

Records screened = 5 + 1
(Found by cross-referencing)

Studies included in this review:n = 6

Records excluded:
by characteristics: 44
by title = 537
by abstract = 67

by full-text review = 2

Figure 3.1: Paper screening flowchart, following PRISMA guidelines

16
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3.3. Review on Automatic Extraction of CTls from PCG and ECG

The final 6 articles indicate that two main approaches have been explored for detection
of fiducial points. The first involves signal processing techniques, such as instantaneous
energy, frequency analysis, and Bayesian or wavelet methods ( Carvalho et al., 2010 [31];
Paiva et al., 2009 [32], 2012 [3]; Janjarasijitt, 2020 [33]). The second relies on identifying
specific components and features of S1 and S2 (Dehkordi et al., 2019 [14]; Klum et al.,
2020 [7]).

Performance results in table bellow, present measurement error (ME) and the correlation
coefficient (r) obtained from these studies.

Table 3.2: Measurement errors (ME) and correlation coefficients (r) of the PEP and
LVET intervals according to the literature. Adapted from [34]

Source PEPpos LVETres Ref. data Approach
ME (ms) r ME (ms) r

Carvalho et al. (2009) [35] 58+49 091 148+109 0.84 Echo Manual, R wave
Paiva et al. (2009) [32] 103+7.3 0.47 158+13.6 0.77 Echo Automatic, R wave
Carvalho et al. (2010) [31] 9.0+ 6.4 0.54 144+124 0.77 Echo Automatic, P wave
Paiva et al. (2012) [3] 7.7+£59 051 114+£9.0 0.87 Echo Automatic, Q wave
Janjarasijitt et al. (2020) [33] 134+11.4 - 27.1+334 - Echo Automatic, R wave
Klum et al. (2020) [7] 176 179 - 21.8+2378 - ICG Automatic, Q wave

Jiménez et al. (2021) [34] H': —128+134 0.5 3344272 0.7 Echo Automatic, R wave
C': —163+138 0.0 429+269 06
H? —6.6+19.6 00 244+324 07
C2 -228+247 0.0 446+336 06
H3:03+83 0.8 244+£324 07
C% —02+75 0.8 4464336 06
By H'! and C' the peak of the envelopes of S1 and S2, H2 and C? the local maximum of S1 and S2, by H3

and C3 a point at about the peak of S1 and S2. H and C respectively stand for healthy and cardiac disease

groups

3.3.1 Carvalho et al., 2010 [31]; Paiva et al., 2009 [32], 2012 [3]

Carvalho et al., 2010 [31] and Paiva et al., 2009 [32], 2012 [3] investigate PEP and
LVET, through Bayesian signal processing approaches, validated by comparing results
with echocardiography, the clinical gold standard. In addition to slight changes in the
algorithm approach, they also differ in the fiducial points used to estimate the beginning

of PEP as described in the 'Approach’ column of table 3.2.
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The 2009 and 2010 studies focused only on healthy individuals, utilizing the instantaneous
amplitude (lA) of the heart sound waveform derived via the Hilbert Transform. PEP was
calculated as the interval between the ECG R-peak or P-wave and aortic valve opening,
which was identified as valleys in the IA curve, assumed to occur 30 ms after atrioventric-
ular (AV) valve closure. LVET was determined using aortic valve closure detected via

Fast Wavelet Transform (FWT) and Shannon energy analysis.

T-pesk
N Wi
. s ation Select 32 Sound
ECG Eg":j:‘ha o Candidates and Fire Tune
Heart Best One (near Segment Start [
Sound Shannon Energy l T-wawve) +
|
A
Detect Q-52 -
LVET
Mormalize Q-52 Outliers. ?iiZ{UIEE;EsIl_;*LET o
Interval REemowve or Use Q) - PEP
Other Candidate J

Figure 3.2: LVET extraction flow-chart. Obtained from [3]

Building on this, the 2012 study applied similar methodologies to both healthy subjects and
patients with cardiovascular diseases (CVD). The Bayesian approach incorporated a two-
pass algorithm to refine estimates using subject-dependent Gaussian models. The two-
pass approach yielded noticeable improvements in PEP estimation accuracy compared

to a single-pass model.

2nd-pass:
Update Gaussian
Mogels
Crpeak
| Determine HS
- prominent " -
ECG ' Estimate Estimate PEP
Heart valleytipoake Alrio-Ventricular }— Aortic Valve e e
Soune| 1 Instantanecus l Valve Closure l Opening (AVQ) l
Amplitude (14)

Figure 3.3: PEP extraction flow-chart. Obtained from [3]
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3.3.2 Janjarasijitt et al., 2020 [33]

This study presents an approach based on continuous wavelet transform (CWT) of syn-
chronized ECG and PCG signals. The method was validated using data collected from

68 volunteers, split into healthy and cardiovascular disease (CVD) groups.

ECG CoWT Subband PQ\fver Bgckward

Computation Difference

R wave
Detection Peak/Valley
Detection
AVC
| Detection

PCG —| CWT | | Subband Ppwer AVQ

Computation Detection

Systolic Time Intervals Computation

Figure 3.4: PEP and LVET extraction pipeline. Obtained from [33]

The processing of ECG and PCG signals involves distinct steps to extract meaningful
features. For the ECG signal, continuous wavelet transform (CWT) is applied, followed
by the analysis of subband power, detection of R-wave peaks, and the calculation of
derivatives to identify key characteristics. Similarly, for the PCG signal, CWT is used to
analyze subband power and determine the timing of aortic valve events, such as opening
and closure, based on signal peaks and valleys. These processes aim to extract relevant

information for further analysis.

68 70 72 74 76 78 80
time (second)
(a) subband power of ECG signal

I 1 I 1 ]
8 70 72 74 76 78 80
time (second)
(b) derivative of subband power of ECG signal

Figure 3.5: Extracted peaks and valleys of exemplary ECG (a) subband power and (b)
derivative of subband power. Obtained from [33]
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68 70 72 74 76 78 80
time (second)

Figure 3.6: Extracted peaks of exemplary PCG subband power. Obtained from [33]

In the final stage, PEP and LVET are calculated using the timings of the R-wave and the

aortic valve events. Specifically:

PEP = tSl_peak —tR,

LVET = tSZ_peak - tSl_peﬂk/

3.3.3 Klum etal., 2020 [7]

This study investigates the use of key features such as heart rate, QRS amplitude, and

heart sounds (S1 and S2) to estimate PEP, LVET, and respiratory parameters.

ECG Model — Einthoven II ECG Peak PJ QJ Ra S! T
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v 3 —_— PEP
5 ~
‘ M Candidate l Candidate S, " S, — WVET

Figure 3.7: llustration of the algorithm created for PEP and LVET extraction. Adapted
from [7].

Model Classes and Regression Analysis The authors used three model classes for
regression analysis: polynomials (up to the third order), multi-layer perceptrons (MLPs),
and time-delay neural networks (TDNNs). Using the three models, the patch ECG signals
were fitted to estimate Einthoven Lead | and to estimate Einthoven Lead Il. These models
were trained on normalized data for each subject and position. Model performance was

optimized based on the minimum Bayesian Information Criterion (BIC).
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PEP and LVET Estimation ECG signals were pre-processed using resampling, low-
pass filtering, and baseline removal. PCG signals were band-pass filtered and resampled.
The Pan-Tompkins algorithm was used for R-peak detection in ECG, and peak detection
for candidate S1 and S2 in PCG was carried out using an empirical wavelet transform,
later on classified with a scheme of set rules. PEP and LVET were derived as the time

differences between specific peaks in ECG and PCG:

PEP = tSl_peak —to,

LVET = ts2_peak - tSl_peak/

PEP and LVET Estimation from ECG and PCG Peak detection was more accurate in
ECG signals compared to PCG, with challenges arising from noise and breathing-related

artifacts.

Overall, the combined use of these signals enhanced the accuracy of parameter estima-

tion, despite challenges from noise and signal quality.

3.3.4 Jiménez-Gonzalez, 2021 [34]

This study utilized Semi-blind Canonical Independent Component Analysis (SCICA) to
process ECG and PCG signals for the automatic detection of the Pre-Ejection Period and
Left Ventricular Ejection Time. The dataset consisted of 36 recordings with annotated R
peaks, aortic valve opening (AVO), and aortic valve closure (AVC), as well as reference
PEP and LVET intervals. Noise sources, such as coughing and talking, posed challenges

that were addressed through a three-stage signal processing pipeline.

In the first stage, SCICA was used to denoise the PCG signals by extracting independent
components (ICs) and selecting cardiac-related ICs based on their frequency patterns
and autocorrelograms. This improved the signal-to-noise ratio (SNR) and resolved mor-

phological issues, enabling clearer identification of heart sounds S1 and S2.

The second stage focused on detecting AVO and AVC by extracting peaks (pS1, pS2)
from the smoothed PCG envelope, generated using the Hilbert transform and band-pass
filtering. Candidate peaks were identified near R peaks and validated using interval com-
parisons and adjacent heartbeat data. The detection of turning points (tS1, tS2) provided

more stable markers for timing measurements.
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The final stage evaluated performance by comparing p-based (pS1, pS2) and t-based
(tS1, tS2) intervals with echocardiogram (Echo) annotations. T-based intervals consis-
tently yielded smaller errors and better correlation with reference timings. P-based tim-
ings were more affected by noise and exhibited systematic underestimation of PEP and

overestimation of LVET.

3.3.5 Dicussion on Research

Despite numerous advances in ECG—PCG interval estimation, several persistent chal-

lenges remain.

First, noise sensitivity remains a critical issue: heuristic peak-picking on single cardiac
cycles is easily disrupted by transient artifacts—such as coughs or muscle noise—often

yielding spurious PEP and LVET values.

Second, transform-domain approaches (e.g. wavelet or Hilbert analyses) demand metic-
ulous parameter tuning—selecting appropriate scales, bandwidths, and detection thresh-

olds—typically through manual or semi-empirical trial-and-error.

Finally, the use of fixed filters limits adaptivity: predefined frequency bands and filter
shapes cannot always accommodate the wide variety of patient specific heart sound mor-
phologies (for example, low-amplitude S2 sounds or pathological murmurs), reducing the

reliability of event detection across diverse clinical populations.

Building on established ECG—PCG synchronization and transform-domain methods (Paiva
et al. 2009; Janjarasijitt 2020; Jiménez-Gonzalez 2021) and recent machine-learning ap-
proaches to PEP/ LVET estimation (Klum et al. 2020), our pipeline tackles three key

challenges.

First, we form a median heartbeat template by aligning individual beats at their R-peaks
and taking the median across cycles, which attenuates transient artifacts (e.g., coughs
or muscle noise) so that peak-picking operates on a denoised representative beat rather

than any single noisy cycle.

Second, a trained U-Net Neural Network is used to delineate the precise event time
windows, thereby learning the optimal features and temporal scales directly from data

and eliminating manual tuning of wavelet or Hilbert-transform parameters.
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Finally, because the U-Net adapts its filters during training, it naturally accommodates
patient-specific morphologies—including low-amplitude sounds and murmurs—without
relying on fixed, one-size-fits-all filters. Within each segmented window, We then identify
the event start, end, and center points, which serve as the onset and offset markers for
computing a composite Cardiac Time Intervals, yielding a robust, adaptive framework

that addresses noise sensitivity, parameter-tuning burden, and limited generalizability.

In the following chapter, each step of the CTl-extraction framework is described in detail.



FCUP | 24
Extracting PEP and LVEF intervals from PCG and ECG

4. Materials

This chapter provides a detailed description of the dataset used in this study.

4.1. ULSGE Dataset: Data Collection and Population

Data Collection The dataset used in this study was collected in collaboration with the
Cardiac Department of the Unidade Local de Saude Gaia e Espinho (ULSGE). This re-
search is part of the Health from Portugal (HfPT) National Project.

Synchronous Electrocardiogram and Phonocardiogram recordings were acquired using
the FDA-approved Rijuven Cardiosleeve multimodal stethoscope. The PCG signals were

initially sampled at 3000 Hz while the ECG signals were sampled at 500 Hz.

Table 4.1: Age distribution of participants in the ULSGE dataset.

Age Group Age Range Percentage (%)
Children and Teenagers < 19 years <1
Young Adults 20-34 years <1
Middle-Aged Adults 35-49 years 6

Older Adults 50—-64 years 18
Seniors > 65 years 74

Total 2-93 years 100

Records were obtained from 190 unique individuals, of which 167 had valid data. The
population is approximately 60% males and 40% females, with ages ranging from 2 to 93

years. An age-stratified breakdown is shown in table 4.1.

Recordings were performed at four standard auscultation sites: the aortic, pulmonary,
tricuspid, and mitral valves, each lasting approximately 30 seconds. In total, 558 pairs of

synchronous ECG and PCG recordings were collected.

Annotations Only a few patients were categorized based on their Left Ventricular Ejec-

tion Fraction using the following three groups:

e Group 1 (Reduced Ejection Fraction, rEF): EF < 40%
e Group 2 (Mildly Reduced Ejection Fraction, mrEF): EF 40-49%

e Group 3 (Preserved Ejection Fraction, pEF): EF > 50%
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A total of 160 recordings have annotated LVEF groups.

Manual annotations were taken from the median hearbeat template of each recording
as reported in [36], accepted at Computing in Cardiology 2025. They consist of QRS
onset, T-wave onset, First Heart Sound (S1), and Second Heart Sound (S2) fiducial
points. From these, the following CTls were derived: QT, QS2, S1S2. Due to signal-
quality constraints, only recordings with well defined fiducial point onsets and offsets were

annotated. Consequently, 84 recordings were selected for annotation. Of these:

e 4 recordings belong to patients with rEF,
e 26 recordings belong to patients with mrEF,

e 54 recordings belong to patients with pEF.
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5. Methodology

In this research the objective is develop two methods of extracting Cardiac Time Intervals
and performing a comparative analysis. Firstly, we employ a U-Net model to segment
the signals Beat-by-Beat, for which we propose a strategy to post-process the outputed
probabilities. Secondly, the other approach relies on pre-processing of the signals into
median heartbeat templates, which will later be segmented by the model allowing us to

obtain the CTls. The flowchart bellow illustrates two methods’ workflow.

{Beat-by-Beat Approach} [Median Heartbeat Approach}
Signal Downsampling, R-peak Detection
Standardization, Filtering, (NeuroKit2)

Signal Downsampling,

etc.

[
{ Feature Extraction }

Standardization, Filtering,

| etlc.
{ U-Net Segmentation } { R-peak Alignment }
[ [
{Probability Post-processing} [Median Heartbeat Extraction}
I [
{Heartbeat Window Extraction} { U-Net Segmentation }
) ! . 1
Event Assignment [ CTI Extraction }
i | :

Physiological Ordering
[

( N

CTI Computation

. J

=

Figure 5.1: Overview of the segmentation pipelines: the left branch shows the
beat-by-beat U-Net-based approach, while the right branch illustrates the median
heartbeat approach. Steps common to both approaches are depicted in the same color

5.1. Signal Processing: Prepping signals for further computations

Prior to implementing either approach, ECG and PCG signals are subjected to a uniform
preprocessing pipeline. In what follows, we describe each stage in detail and present the

corresponding mathematical formulations.
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1. Dataset Standardization The original dataset, represented by a table D with columns
{ID, Auscultation Point, ECG Signal, PCG Signal} .

Each row i of D contains:

ID; € N, Auscultation Point; € {“Aortic”, “Pulmonic’, ...},

Signal, = [xi[n]} n

7
n=0

where N; denotes the number of recordings of subject i, respectively.

1. Z-Score Standardization. After, each retained ECG and PCG signal is indepen-

dently standardized via

Xi[n] — pai

xi[n] — Xi[n] = -
X,i

This operation ensures mean(X;) = 0 and std(%;) = 1 for each signal.

Upon completion of this procedure, all subsequent operations reference the standardized

dataframe Dagiq.

2. Signal Filtering Once D¢y is obtained, we process each subject's ECG and PCG

independently. Denote the i-th subject’s standardized signals by
ei[n] (ECG), pi[n] (PCG).

Let Fgcg be the ECG sampling frequency (Frcg = 500 Hz) and Fpcg be the PCG sampling
frequency (Fpcg = 3000 Hz).

2.1. ECG Preprocessing For each valid ECG signal ¢;[n], the following steps are

applied in sequence:

1. Notch Filter at 50 Hz. To remove power-line interference at 50 Hz, an IIR notch
filter with quality factor Q = 30 is applied. Afterwards, we apply zero-phase filtering

via a forward-backward pass:

viln] = fittfite({bi}, {ac}, %iln]).
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2. Bandpass Butterworth (0.5-100 Hz). Next, the recording is passed through a 6th-
order Butterworth bandpass filter with cutoff frequencies fiow = 0.5Hz and fhigh =

100 Hz.

3. Median Removal. Finally, any residual DC offset is removed by subtracting the
sample median:
N;—1

zi[n] = yi[n] — median{ yilk] }k:O :

From theses steps results the fully processed ECG signal ¢;[n].

2.2. PCG Preprocessing For each valid PCG signal p;[n], we perform the following:

1. Downsampling PCG signals are originally sampled at fyig = 3000 Hz. These sig-
nals are downsampled to fiarget = 1000 Hz. Downsampling uses a polyphase finite
impulse response (FIR) filter. This process minimizes aliasing by applying a low-
pass filter in conjunction with reducing the sampling rate, ensuring computational

efficiency.

2. Despiking via Schmidt Method. To mitigate the impact of transient, a despiking

algorithm described by Schmidt was implemented

After filtering, the final outputs for subject i are:
en], (n=0,...,Ni—1), piln], (mn=0,...,N;—1),
where N; is the length of the processed signals.

5.2. Beat-by-Beat Approach

Research led by the Multiscope’s invetigation group provided a U-Net model, conceptu-
alized and trained by [37], accepted at Computing in Cardiology 2025, and its architec-
ture was based on [38]. Two separate models were trained—one for ECG and one for
PCG—both sharing the same U-Net architecture but using different features and label
sets. A description of the model architecture, training and post-processing algorithm is

done in the following sections.
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5.2.1 Label Sets

Each model outputs four class-probability maps (four channels). The label sets are de-

fined as follows:

e PCG labels:
{0:81, 1:systole, 2:S2, 3:diastole }.

e ECG labels:

{0: baseline, 1:P-wave, 2:QRS, 3:T-wave}.

5.2.2 Preprocessing and Feature Extraction

Before the signals are input to the U-Net, both ECG and PCG signals undergo the prepro-
cessing steps mentioned in 5.1 and feature extraction to enhance relevant characteristics

and reduce noise.

ECG The ECG signal is transformed into a set of four time-domain features (or "en-

velopes”):

1. Hilbert Envelope: Captures the amplitude variations by computing the analytic sig-

nal using the Hilbert transform.

2. Shannon Energy Envelope: Emphasizes high-energy segments by applying a log-

arithmic energy-based transformation.

3. Homomorphic Envelope: Highlights the signal envelope by computing the loga-
rithm of the absolute signal values, applying a median filter (window size: 21 sam-

ples), and exponentiating the result.

4. Smoothed Envelope: Applies a smoothing operation using a 21-sample Hamming

window to reduce high-frequency fluctuations.

PCG The PCG signal is downsampled to 1000 Hz and then undergoes a similar pro-

cess, but the extracted features include both time and frequency domain information:

1. Homomorphic Envelope: Highlights the envelope of the PCG signal using a me-

dian filter, similar to the approach used for the ECG.
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2. Wavelet Scalogram (Morlet): A time-frequency representation obtained using a
continuous wavelet transform with the Morlet wavelet, focused on the frequency

range of 20-200 Hz.

3. Wavelet Scalogram (Mexican Hat): Another time-frequency representation using

the Mexican Hat wavelet, also covering the 20—200 Hz frequency range.

4. Hilbert Envelope: Captures the amplitude envelope of the signal using the Hilbert

transform.

Forboth ECG and PCG, all four feature sequences are downsampled to 50 Hz to reduce
the computational complexity of the model. They are then stacked to form a 4 x L’ matrix

and split into patches of 64 samples with an 8-sample stride.

Finally, the ECG and PCG feature patches are separately fed into their respective U-Net

models for segmentation.

5.2.3 Architecture

The segmentation strategy utilizes the U-Net architecture adapted from [38]. Both the

ECG and PCG models share this same encoder—decoder topology:
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Figure 5.2: U-Net architecture used for heartbeat segmentation. Numbers inside boxes
denote feature-map counts; dimensions on the right denote temporal length (samples)
at each stage. Adapted from [38].
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e Input: A 4 x 64 patch of feature envelopes.

e Encoder: Four downsampling blocks, each consisting of two 1D convolutions (ker-
nel size 3), batch normalization, ReLU activation, and a 2x max-pooling. The num-

ber of feature maps doubles at each down-step (e.g., 16 — 32 — 64 — 128).
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e Bottleneck: Two 1D convolutions with 128 feature maps, batch normalization, and
RelLU.

e Decoder: Four upsampling blocks, each with a transposed convolution (stride 2),
concatenation with the corresponding encoder feature map (skip connection), fol-
lowed by two 1D convolutions (kernel size 3), batch normalization, and ReLU. Fea-

ture maps are halved at each up-step (256 — 128 — 64 — 32 — 16).

e Output: A final 1D convolution (kernel size 1) producing four channels, passed

through softmax to obtain class probabilities for each sample in the 64-sample patch.

This architecture is particularly suited for capturing multi-scale temporal features while

preserving precise localization via skip connections. Training was performed separately:

e ECG model: Trained on the LUDB dataset [39] with ECG patches and labels {base-
line, P-wave, QRS, T-wave}. The LUDB comprises 200 subjects, each providing a
single 10-second, 12-lead ECG recording (leads |, Il, lll, aVR, aVL, aVF, V1-V6)
sampled at 500 Hz.

e PCG model: Trained on the PhysioNet 2016 dataset [40] with PCG patches and
labels {S1, systole, S2, diastole}. This challenge set includes 3,153 training record-
ings from approximately 1,072 subjects, of which 2,302 are clean-normal, 186 noisy-

normal, 572 clean-abnormal and 93 noisy-abnormal, all resampled to 2,000 Hz.

5.2.4 Post-Processing of U-Net Probabilities

The U-Net outputs a probability map indicating the likelihood of each sample belonging
to each class. These raw probability outputs require a sequence of algorithmic steps to
extract the cardiac intervals. This section describes the systematic workflow for post-
processing U-Net segmentation probabilities, including extraction of events’ start, center
and middle points; conversion to time domain; heartbeat delineation; event to heartbeat
association and interval computation. The sequence of steps in the pipeline is depicted

in the flowchart bellow:
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{U-Net Probabilities p(t) = [po(t), p1(t), p2(t), pg(f)]}

p(t)

{ Label Mapping }

9(t)

{EVGH’[S (Tstart/ Tend, Tcenter) per Class: Tq, Ts1, T1, 7%2}

Ta, Ts1

{RR interval estimation}

R;, median (RR)

{Heartbeat Windows: W; = [Wi start, W,»,end]}

T, W

{Assign Events to Heartbeats: #; = {Q, S1,T, S2}}

Hi

{Physiological Association: [Q — T} ; [Sl — 82} }

Valid event sequence

[Compute CTls: S1-82, QT, Q—SZ}

Figure 5.3: CTI extraction pipeline from U-Net output probabilities.

1. Label Mapping and Event Extraction: Convert per sample class probability vec-

tors, outputed by the U-Net models, into discrete labels:
p(t) = [po(t), p1(t), p2(t), pa(t)],
The chosen approach was to apply an arg max operation at each sample index t:

7(t) = argmax pc(t).
c€{0,1,23}

This yields a sequence of integer labels (1), 7(2), ..., 7(N) for a recording of N time
samples. Then, it is possible to identify the samples of the contiguous segments
corresponding to target event classes. From each recording we obtain four lists of

start, center and end times of the events’ segments where each eventis represented
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as a triple
(Tstart/ Tend/ Tcenter)/
where
tstart tend Tstart + Tend
Totart = —2,  Tong = —2, T, — —San _ -end
start fs end fs center 2

and for each recording we obtain time-based dictionaries such as

(QRS) —(Q) —(Q) "Q
Q— [(Tstart,i ’ Tend,i’ Tcenter,i)}izl’

7\
start,j/ end,] center,j j:l’

= |(Toa
S1 — [( startk’ eitlj)k’ Tégizerrk)}:ill
[

7

sz) (52) M2
52 ( startf’ end 124 Tcenter,€>]g:1'

With the extracted timing we can now proceed to heartbeat delineation.

ECG Signal (2s Window) with Predictions and Extracted Events - Recording 15
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Figure 5.4: Segment of an ECG signal and the extracted windows for the events Q and

T, returned by the U-Net model. From the Beat-by-Beat approach
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PCG Signal (2s Window) with Predictions and Extracted Events - Recording 15
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Figure 5.5: Segment of an PCG signal and the extracted windows for the events S1 and
S2, returned by the U-Net model. From the Beat-by-Beat approach

2. Heartbeat Window Detection: The next goal is to identify discrete heartbeat win-
dows. lIdeally, the R-peaks in the ECG would serve as references for individual
beats. In the Median Heartbeat approach, we will be able to use the Neurokit2 esti-
mates of the R peaks. However, because the U-Net returns the QRS segments, we
use the center of the segments as our estimate of the R peak in the Beat-By-Beat
approach. Therefore, the algorithm follows a hierarchical approach to determine

reference times:
Firstly, we estimate the median RR interval empirically by taking differences be-
tween successive reference times:
AR;=R;—R;_1, i=2,...,M,
and computing the median
median (RR) = median ({ARi}f\iz) .
If only a single R-peak/QRS segment is found, we set RR interval value as the typical

0.8s.

Secondly, in order to center the hearbeat window we use either R-peak (for the me-
dian heartbeat approach) or the QRS center times (for the beat-by-beat approach)

as the center reference for beats.
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Once a sorted list of reference centers {Ry, Ry, ..., Ry} are established (where R; <

Ry < - -+ < Ry), heartbeat windows are defined as follows:

e For R;, set

Wistart = R; — 0.5 median (RR), Wieng = R; + 0.5median (RR).

In this way, each reference time yields a heartbeat window

Wz' = (Wi,start/ Wi,end)'

The fraction 0.5 (50%) is an heuristic choice that account for the fact that the Q-wave

typically occurs in the middle of systole and diastole.

Assignment of Events to Heartbeats: After defining heartbeat windows {W;}M , the
next operation is to assign each event to exactly one heartbeat window. The assignment

procedure proceeds as follows:

e Center-Based Candidate Selection

For each event, check whether its center time Tgenter falls within any window W; =

(Wz',start, Wi,end>, i.e.,
Wistat < Tcenter < Wigend-

If multiple windows satisfy the center this criterion (which can occur at boundaries),
compute for each candidate window the amount of overlap between the event’s time

span [Tstart, Tend} and the window’s span:
Overlap; = min<Tend/ Wi,end) - maX(Tstart/ Wi,start>r

and select the window with the maximum positive overlap. If exactly one window

contains the event center, assign the event to that window immediately.
e Fallback Overlap Search
If no window contains Teenter, check all windows for nonzero overlap in the sense

Overlapi = min(Tend, Wi,end) — max(Tstart, Wi,start) > 0.

Assign the event to whichever window yields the maximum overlap. This ensures
that events which straddle window boundaries are still allocated to the window with

greatest temporal intersection.
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e If no overlap is found, the event is discarded (not assigned to any heartbeat).

36

After processing all events in this manner, each heartbeat window W; is associated with

a dictionary of sublists, indicating which events of each type fall into that heartbeat. Thus,

for heartbeat i, one has:

H; = {Q, S1, T, 82}.

Association of Physiological Events within a Heartbeat:

A heartbeat ideally consists of one occurrence of each of the following events in a char-

acteristic temporal sequence.

However, due to detection noise, segmentation errors, or other factors, it is possible for a

heartbeat window W, to contain multiple candidates of the same type or to miss a certain

event type entirely. The goal of the association step is to select, for each event type,

at most one candidate event whose relative timing best satisfies the physiological order.

The procedure is as follows:

1. Candidate Selection: For each event type ¢ € {Q,S1,T,S2}, if the list H;[e] of

assigned events is nonempty, select the first candidate in that list.

. Temporal Ordering Check: Once the events are selected, the algorithm checks
whether the timing of these events makes sense physiologically. It does this by

verifying the following conditions:

The Q-wave must start before the T-wave ends (to validate the QT interval).

The Q-wave must start before the center of the S2 sound (used for the QS2 interval).
The Q-wave must also come before the center of the S1 sound (for the QS1 interval)

The S1 sound must come before the S2 sound in time (important for the S1S2 in-

terval).

If all of these conditions are satisfied, the selected events are considered valid and
returned. If not, the algorithm gives up on associating these events and returns
a result where all the events are marked as absent. This approach ensures that
only physiologically meaningful sequences are used, diminishing the impact of false

positives returned by the U-Net.

Computation of Cardiac Time Intervals: For each associated combination of events

within a heartbeat, compute intervals such as:
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S1-S2 interval (S2 center — S1 center)

QT interval (T end time — Q start time)

Q-S2 interval (S2 center — Q start time)

Q-S1 interval (S1 end time — Q start time)

These reference points were chosen so that intervals more closely aligned with the onset,

offset and peak fiducial points.

5.3. Median Heartbeat Extraction Approach

This approach was developed in order to provide a robust solution to segmenting noisy

signals by performing segmentation on the median heartbeat template of each recording.

5.3.1 R-peak Detection

Accurate identification of R-peaks in an electrocardiogram ( ECG) signal is a critical
first step for median heartbeat extraction, since each detected R-peak corresponds to
one cardiac cycle. In this work, we attempted to use four existing open source libraries
plus a custom Pan—Tompkins implementation, where each library’s internal preprocessing
routines were used to prepare the signal. Those methods were: custom Pan—Tompkins
[41], NeuroKit2 [42], HeartPy [43], BioSPPy [44], WFDB-GQRS [45].

Among these, NeuroKit2 was selected due to its robust performance in R-peak detection
and seamless integration within Python-based analysis pipelines. NeuroKit2’s algorithms
have been validated on benchmark datasets, therefore, to further validate NeuroKit2’s
performance on the ULSGE ECG signals dataset, a MATLAB-based ECG annotation
tool was developed to manually annotate R-peaks. These reference annotations were
then used to evaluate the accuracy of the automatic detections. Out of the 84 available
ECG recordings, 15 signals were excluded from the evaluation due to poor signal quality
and annotation ambiguity. The resulting performance metrics, averaged across the test

set, are summarized in Table 5.1.

A tolerance window of 50 milliseconds was used to determine a correct match between
manually annotated and automatically detected R-peaks. This threshold is commonly
employed in ECG validation studies, as it reflects both the typical precision of human
annotation and the physiological variability in QRS onset. It also accounts for minor tem-

poral misalignments due to sampling rate limitations and filtering artifacts. This window
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Table 5.1: Overall R-peak detection performance of NeuroKit2 on the ULSGE dataset.
A tolerance of 50 ms was used to match detected peaks against manual annotations.

Metric Value
Total True Positives (TP) 2154
Total False Positives (FP) 118
Total False Negatives (FN) 69
Precision 0.9481
Sensitivity (Recall) 0.9690
F1-Score 0.9584
False Discovery Rate (FDR) 0.0519
Mean Timing Error (s) 0.00204

Standard Deviation of Error (s) 0.00397

ensures a clinically meaningful evaluation of R-peak detection performance without pe-

nalizing trivial misalignments.

R Peak Locations for Signal (Original Index 0, FS 500 Hz)

— ECG
® 1 peaks nk

0 2000 4000 6000 8000 10000 12000 14000 16000

Figure 5.6: Neurokit2’s detected R peaks of a ECG recording from the ULSGE dataset

Results and Discussion The results demonstrate strong overall performance, with a
precision of 94.81% and recall of 96.90%, leading to an F1-score of 95.84%, which indi-
cates a balanced trade-off between false positives and false negatives. The false discov-
ery rate (FDR) remained low at 5.19%, reflecting the reliability of the detections. Impor-
tantly, the mean absolute timing error was approximately 2 ms, with a standard deviation
of 4 ms, indicating high temporal accuracy in detecting R-peaks relative to manual anno-

tations.

These metrics justify the use of NeuroKit2 in the preprocessing pipeline, offering a reliable

and validated method for R-peak detection that generalizes well to the ULSGE dataset.

5.3.1.1 Median Heartbeat Extraction

Once each ECG and PCG signal has been preprocessed (as described in 5.1) and the
R-peaks have been detected, the next step is to align individual cardiac cycles on the

R-peak and compute a median heartbeat. This subsection describes (1) how individual



FCUP | 39
Extracting PEP and LVEF intervals from PCG and ECG

ECG beats are extracted and aggregated into a median waveform, and (2) how the PCG

median beat is computed using the ECG R-peaks for temporal alignment.

1. ECG Median-Beat Extraction Suppose R, is valid for subjecti. Let the ECG
sampling frequency be Fgcg (e.9., Fecg = 500 Hz). We define two large time-windows (in

seconds), to accommodate the entire hearbeat:
Tore = 045,  Tpost = 1.0,
These correspond to a fixed number of samples before and after each R-peak:
Lpre = Tpre X Feca, Lpost = Tpost X FecG-
Thus, for each R-peak 7;, € R;, we extract a window of length
Liotat = Lpre + Lpost

samples, centered on r; .
Stacking these valid beats column-wise yields the beats matrix S;

The median heartbeat is computed by taking the sample wise median across all columns

of S;:
med;[m] = median{ Sim, 1], Sim, 2], ..., Si[m,n]}, m=20,1,..., Liotas — 1.
Additionally, we calculate the RR intervals (in samples) between successive R-peaks:
Atiy=Tiks1 —Tie, k=1,2,...,Ki—1,
and define the median RR interval as
I?I/Qi = median{Arﬂ, Ario, ..., Ari/K].,l}.
2. PCG Median-Beat Extraction Using ECG R-Peaks For PCG, we leverage the
ECG derived R-peak timings to segment the heart sounds. We fix the same time windows,

found for ECG, on the PCG signal and extract the corresponding PCG segments. This

is possible because the signals are synchronized.
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All valid segments form the PCG beats matrix. The median PCG beat is then

med} “C[m] = median{ Qi[m, 1], Qi[m, 2], ..., Qi[m, n]}, m=0,..., LIS —1.

Summary of Median Extraction

e ECG: For each subject, extract n windows of length L., samples around each val-
idated R peak, form S;, and compute med; = median(S;, axis = 1). Also compute

RR; = median(Ar; ).

e PCG: Convert ECG R-peak indices to PCG sample indices, extract n windows of

length LIS, assemble Q;, and compute med; < = median(Q;, axis = 1).

These median waveforms provide robust, noise resilient templates of the average cardiac

cycle in both electrical ( ECG) and acoustic ( PCG) domains.

Median Heartbeat Based on RR Interval

4 — Median Beat

ECG Amplitude

0 100 200 300 400 500 600 700
Samples

Figure 5.7: Median Heartbeat template of a ECG signal. From the Median Heartbeat
approach

Median Heartheat Based on ECG Segments in PCG Signal

| = Median Beat (PCG)
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o

-2

—44

-6 1

0 250 500 750 1000 1250 1500 1750
Samples

Figure 5.8: Median Heartbeat template of a PCG signal. From the Median Heartbeat
approach
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5.3.2 Median Heartbeat Segmentation and CTI extraction

Once the template is obtained, the steps that follow are to segment the median heartbeat
with the U-Net models and to extract the CTlIs from the output probabilities. These steps

have already been described in sections 5.2.2 and 5.2.4
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6. Results

This chapter’s objective is to compare the two segmentation methodologies developed,
Median Heartbeat and Beat-by-Beat, and their ability to accurately estimate the Cardiac

Time Intervals.

In section 2.2.4, we discussed the clinical relevance of the intervals LVET (S1S2), QS2,
PEP (QS1) and QT as important markers of heart failure. These intervals are directly
derived from specific fiducial points identified in synchronized ECG and PCG signals. By

detecting these fiducial points, we are able to compute the these intervals.

Since annotations were performed on the median heartbeat template of each recording,
the average of each interval estimated by the Beat-by-Beat Approach was calculated in

order to compare estimates against annotated values.

Following this, we examine how the derived CTls relate to patients’ ejection fraction (EF)

categories, by analysing the statistically significant differences between groups.

6.1. Accuracy of Cardiac Time Intervals) Estimations

The objective of this section is to quantify how well each segmentation approach estimates
the CTI's. This is done by comparing predicted versus reference values across multiple

statistical metrics. Accuracy is evaluated using:

e Mean Absolute Error (MAE): the average absolute difference between predicted and

true interval durations.

e Root Mean Squared Error (RMSE): the square root of the average squared differ-

ence, highlighting larger deviations.

¢ Coefficient of Determination (R?): indicating the proportion of variance in true values

explained by the predictions.

e Pearson and Spearman Correlation Coefficients: measuring linear and rank-based

associations, respectively, between predicted and reference intervals.

e Mann-Whitney U Test: used to compare interval distributions between two EF
groups (EF2 vs. EF3), to gauge whether the estimation accuracy differs by EF cat-

egory. The group EF1 was not analysed due to the lack of data points.
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Below, we present the results for each interval in tabular form. For clarity, the better-

performing method for each metric is highlighted in bold.

6.1.1 S1S2 Interval

Table 6.1: Comparison of S1S2 Interval Analysis Results (all values in milliseconds)

Metric Median Heartbeat Beat-by-Beat
Number of recordings 76 63

MAE 16.7 82.2

RMSE 23.5 93.2

R? 0.4809 -4.9551
Pearson correlation (p-value) 0.7875 (p < 0.0001) | 0.1552 (p = 0.2245)
Spearman correlation (p-value) | 0.7354 (p < 0.0001) | 0.0069 (p = 0.9574)

Scatter Plot Analysis. When comparing the scatter plots of the two estimation method-

ologies (Median Heartbeat vs. Beat-by-Beat), several key observations can be made:
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Figure 6.1: Scatter plot of S1S2 Figure 6.2: Scatter plot of average
intervals extracted with the Median S1S2 intervals extracted with the
Hearbeat methodology. Beat-by-Beat methodology.

e In the Median Heartbeat approach, the estimated S1S2 intervals cluster closely
around the identity line (45°), indicating good agreement with the true values. This
method effectively captures the full range of interval durations and can detect this
interval in a larger number of recordings (76 compared to 63 for the Beat-by-Beat

method).

e In contrast, the Beat-by-Beat approach produces estimates that are heavily con-
centrated around a narrow range (approximately 340-360 ms), failing to capture
the variability of the true S1S2 intervals. This results in a clear divergence from the

identity line and poorer performance.

¢ Quantitatively, the Median Heartbeat method exhibits a strong and statistically sig-

nificant correlation with the ground truth, with a Pearson correlation coefficient of
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r = 0.7875 and Spearman’s rank correlation coefficient of p = 0.7354, both with
p < 0.0001. The coefficient of determination is R? = 0.4809, indicating that about

48% of the variance in the true S1S2 values is explained by this method.

e On the other hand, the Beat-by-Beat approach shows virtually no linear or mono-
tonic relationship with the true intervals, with Pearson’s » = 0.1552 (p = 0.2245) and
Spearman’s p = 0.0069 (p = 0.9574). The corresponding R> = —4.9551 confirms

that the estimates are essentially random with respect to the true intervals.

Bland-Altman Plot Analysis. A complementary view is provided by the Bland-Altman

analysis:
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Figure 6.3: Bland-Altman plot of S1S2 Figure 6.4: Bland-Altman plot of S1S2
intervals extracted with the Median intervals extracted with the
Hearbeat methodology. Beat-by-Beat methodology.

e For the Median Heartbeat method, the mean bias is approximately —10.3 ms, indi-
cating that, on average, estimated S1S2 intervals are slightly shorter than the true
values. The limits of agreement (LoA) are approximately [—55 ms, +32 ms]. This
suggests that most estimates fall within £50 ms of the true value. There is no ob-
vious trend in the bias across the measurement range, implying that the error is

homoscedastic (constant across values).

¢ In contrast, the Beat-by-Beat approach has a much larger bias of —43.1 ms, with
limits of agreement spanning approximately [—400 ms, +300 ms|. These wide limits
are largely driven by extreme outliers, highlighting poor agreement and high vari-
ability in the estimates. This again reinforces the unreliability of the Beat-by-Beat

approach when used without the median template alignment.
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6.1.2 QT Interval

Table 6.2: Comparison of QT Interval Analysis Results (all values in milliseconds)

Metric Median Heartbeat Beat-by-Beat
Number of recordings 76 84

MAE 27.6 30.9

RMSE 39.5 41.2

R? 0.1844 0.2485
Pearson correlation (p-value) 0.4704 (p < 0.0001) | 0.5480 (p < 0.0001)
Spearman correlation (p-value) | 0.5316 (p < 0.0001) | 0.5722 (p < 0.0001)

Scatter Plot Analysis. For the QT interval estimation, both the Median Heartbeat and
Beat-by-Beat methods demonstrate some degree of alignment with the ideal identity line.
However, a notable amount of dispersion is present in both cases, indicating significant

variability in estimation accuracy.
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Figure 6.5: Scatter plot of QT intervals Figure 6.6: Scatter plot of average
extracted with the Median Hearbeat QT intervals extracted with the
methodology. Beat-by-Beat methodology.

e The Median Heartbeat approach yields a Pearson correlation of » = 0.4704 and
Spearman’s p = 0.5316, both with p < 0.0001, signifying a moderate and statistically
significant linear and monotonic relationship between the estimated and true QT

intervals.

e The Beat-by-Beat method shows slightly stronger performance, with Pearson’s r =
0.5480 and Spearman’s p = 0.5722, again with p < 0.0001. The coefficient of de-
termination R?> = 0.2485 suggests that nearly 25% of the variance in the true QT
intervals is explained by the Beat-by-Beat estimates, compared to approximately
18% (R? = 0.1844) for the Median Heartbeat approach.

¢ In both methods, the scatter plots indicate a trend following the identity line, but with
relatively high residual variability. This suggests that while both models capture the

general relationship, the precision of individual estimates remains limited.
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e Since the QT interval is derived from ECG signals, which generally have higher
signal-to-noise ratio and less variability than PCG, the Beat-by-Beat method is better
able to extract QT intervals from more recordings (84 vs. 76). This reflects the

advantage of Beat-by-Beat estimation in processing ECG-derived intervals.

Bland-Altman Plot Analysis. The Bland-Altman analysis further illustrates the estima-

tion characteristics:
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Figure 6.7: Bland-Altman plot of QT Figure 6.8: Bland-Altman plot of
intervals extracted with the Median average QT intervals extracted with
Heartbeat methodology. the Beat-by-Beat methodology.

e For the Median Heartbeat method, the mean bias is approximately —3.6 ms, indi-
cating that the QT interval is, on average, slightly underestimated. The limits of
agreement (LoA) are approximately [—75 ms, +75 ms], reflecting a symmetric and

relatively narrow distribution of errors around the mean.

e The Beat-by-Beat method exhibits a slightly larger mean bias of —10.3 ms, again
indicating a small tendency to underestimate the true QT interval. The limits of
agreement are similar to those of the Median Heartbeat method, also roughly in the
range of [—75 ms, +75 ms]. This implies comparable spread in the estimation errors

across both methodologies.

o Neither method shows a clear pattern of increasing or decreasing error across the
range of QT values, suggesting that the bias is roughly consistent across the mea-

surement spectrum (i.e., homoscedasticity).
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Table 6.3: Comparison of QS2 Interval Analysis Results (all values in milliseconds)
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Metric Median Heartbeat Beat-by-Beat
Number of recordings 75 75

MAE 42.0 178.4

RMSE 44.8 216.1

R? -1.2279 -33.9816
Pearson correlation (p-value) 0.8091 (p < 0.0001) | -0.0748 (p = 0.5235)
Spearman correlation (p-value) | 0.7705 (p < 0.0001) | 0.1151 (p = 0.3256)

Scatter Plot Analysis. In the estimation of the QS2 interval, both methods reveal limited

agreement with the identity line, though their behaviors differ:
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Figure 6.9: Scatter plot of QS2
intervals extracted with the Median
Heartbeat methodology.
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e The Median Heartbeat approach exhibits a strong linear trend with moderate dis-

persion. The Pearson correlation coefficient is » = 0.8091 with p < 0.0001, and

Spearman’s rank correlation is p = 0.7705 with p < 0.0001, indicating a statistically

significant and strong linear and monotonic relationship with the true QS2 intervals.

In contrast, the Beat-by-Beat method shows no meaningful correlation, with Pear-

son’s r = —0.0748 (p = 0.5235) and Spearman’s p = 0.1151 (p = 0.3256), suggest-

ing the estimates are essentially uncorrelated with the true values. The scatter plot

does not follow the identity line and lacks clear structure.

The coefficient of determination R? indicates poor fits in both cases: R? = —1.2279

for Median Heartbeat and an even worse R? = —33.9816 for Beat-by-Beat, highlight-

ing that these models perform worse than simply predicting the mean QS2 interval.

Bland-Altman Plot Analysis. The Bland-Altman plots highlight the systematic bias and

error magnitude of each method:
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the Beat-by-Beat methodology.

e For the Median Heartbeat, the mean bias is approximately +40.6 ms, suggesting a

consistent overestimation of the QS2 interval. The limits of agreement range from

approximately —40 ms to +120 ms, indicating moderate variability, with most esti-

mates differing from the ground truth by less than 120 ms in either direction.

The Beat-By-Beat approach shows a considerably larger mean bias of +131.3 ms,

again in the direction of overestimation. The limits of agreement are extremely wide,

ranging from approximately —600 ms to 4600 ms. This massive spread is indicative

of highly inconsistent estimates and the influence of outliers.

The variability in both methods does not exhibit a strong funnel shape, though the

large spread in the Beat-by-Bea approach suggests unreliable performance across

the full range of QS2 intervals.



FCUP | 49
Extracting PEP and LVEF intervals from PCG and ECG

6.1.4 QS1 Interval

Table 6.4: Comparison of QS1 Interval Analysis Results (all values in milliseconds)

Metric Median Heartbeat Beat-by-Beat
Number of recordings 82 83

MAE 53.6 189.4
RMSE 62.8 222.8

R? -9.8101 -132.1682
Pearson correlation (p-value) 0.1037 (p = 0.3537) | 0.1531 (p = 0.1671)
Spearman correlation (p-value) | 0.4014 (p = 0.0002) | 0.1013 (p = 0.3622)

Scatter Plot Analysis. In the estimation of the QS1 interval, both methods over estimate

QS1 and are poorly aligned with the identity line:
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Figure 6.13: Scatter plot of QS1 Figure 6.14: Scatter plot of average
intervals extracted with the Median QS1 intervals extracted with the
Heartbeat methodology. Beat-by-Beat methodology.

The Median Heartbeat approach does not exhibit a strong linear trend and shows
notable dispersion. Most points lie above the 45° line, indicating a consistent overes-
timation of the QS1 interval. The Pearson correlation is » = 0.1037 with p = 0.3537,
and Spearman’s p = 0.4014 with p = 0.0002, indicating a weak linear but moderate

and statistically significant monotonic relationship with the reference values.

The Beat-by-Beat method also shows no meaningful correlation, with Pearson’s
r = 0.1531 (p = 0.1671) and Spearman’s p = 0.1013 (p = 0.3622), suggesting the
estimates are essentially uncorrelated with the true values. The scatter plot does

not follow the identity line and lacks a clear linear or monotonic structure.

The coefficient of determination R? reinforces this poor fit: R> = —9.8101 for the
Median Heartbeat approach, and R> = —132.1682 for the Beat-by-Beat method,
indicating that both models perform substantially worse than simply predicting the

mean QS1 interval.
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Bland-Altman Plot Analysis. The Bland-Altman plots highlight the systematic bias

and error magnitude of each method:
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Figure 6.16: Bland-Altman plot of
average QS1 intervals extracted with
the Beat-by-Beat methodology.

— For the Median Heartbeat approach, the mean bias is approximately +51.8

ms, indicating a consistent overestimation of the QS1 interval. The limits of

agreement span from roughly —25 ms to +150 ms, reflecting moderate vari-

ability in the estimates.

— The Beat-by-Beat method exhibits a substantially larger mean bias of +188.8

ms, also indicating systematic overestimation. The limits of agreement are

extremely wide, ranging from approximately 0 ms to 430.9 ms, suggesting

very high variability. This method consistently overestimates the QS1 inter-

val across recordings.

6.2. Ejection Fraction - Based Analysis

Next, we investigate whether the estimated CTls differ significantly across EF cat-

egories. Patients were stratified into three EF groups:

— EF1: EF <40%

— EF2: 40% < EF <50%

- EF3: EF >50%
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For each interval (S1S2, QS1, QS2, QT), we compared distributions between EF2
and EF3 using the Mann—Whitney U test. This nonparametric test was chosen due
to non-normality in several interval distributions and unequal sample sizes between
groups.

The test was conducted to compare interval estimates between EF group 2 (border-
line, EF 40-50%) and EF group 3 (preserved EF, EF > 50%). Group 1 (reduced EF,
EF < 40%) was excluded from the statistical comparison due to insufficient sample

size (n = 4), which would compromise the reliability of nonparametric tests.

6.2.1 S1S2 Interval
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Figure 6.17: Boxplot of estimated Figure 6.18: Boxplot of estimated
S1S82 intervals, with the Median S1S2 intervals, with the Beat-by-Beat
Heartbeat methodology, per Ejection methodology, per Ejection Fraction
Fraction group group

Table 6.5: Mann-Whitney Test: S1S2 Interval

Metric Median Heartbeat Beat-by-Beat
Mann-Whitney U (EF2 vs EF3) | 488.0 (p = 0.2490) | 374.0 (p = 0.4485)

For the S1S2 interval, the Median Heartbeat method yielded a Mann—Whitney U
statistic of U = 488.0 with p = 0.2490, suggesting a trend toward differentiation be-
tween EF groups 2 and 3, though not reaching statistical significance at the conven-
tional « = 0.05 threshold. In contrast, the Beat-by-Beat approach failed to show any

meaningful separation between the groups (U = 374.0, p = 0.4485), consistent with
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its poor correlation metrics and large error distribution for this interval. These find-
ings reinforce that the Median Heartbeat method retains some sensitivity to phys-
iological differences in EF status, even when not strictly significant, whereas the

Beat-by-Be’s interval estimates are effectively random with respect to EF grouping.

6.2.2 QT Interval
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Table 6.6: Mann-Whitney Test: QT Interval

Metric

Median Heartbeat

Beat-by-Beat

Mann-Whitney U (EF2 vs EF3)

609.0 (p = 0.8056)

864.5 (p = 0.0961)

For QT interval estimation, neither method achieved statistical significance, though
the Beat-by-Beat approach came closer (p = 0.0961) compared to the Median
Heartbeat method (p = 0.8056). These results reinforce the robustness of the Me-
dian Heartbeat method in identifying subtle clinical differences in cardiac function,

particularly for QS2.
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6.2.3 QS2 Interval
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Figure 6.21: Boxplot of estimated Figure 6.22: Boxplot of estimated
QS2 intervals, with the Median QS2 intervals, with the Beat-by-Beat
Heartbeat methodology, per Ejection methodology, per Ejection Fraction
Fraction group. group

Table 6.7: Comparison of QS2 Interval Analysis Results (all values in milliseconds)

Metric Median Heartbeat Beat-by-Beat
Mann-Whitney U (EF2 vs EF3) | 437.5 (p = 0.1362) | 529.5 (p = 0.7869)

The Median Heartbeat approach almost yielded a statistically significant difference
in QS2 intervals between groups 2 and 3 (U = 437.5, p = 0.1362). In contrast,
the Beat-by-Beat method did not show a significant group separation (U = 529.5,

p = 0.7869), reflecting its poorer correlation with EF-based physiological differences.



ms)

QS1 Interval (

6.2.4

140

-
N
o

100

80

QS1 Interval

QS1 Interval by EF Status

EF Status

Figure 6.23: Boxplot of estimated
QS1 intervals, with the Median
Heartbeat methodology, per Ejection
Fraction group.

FCUP

Extracting PEP and LVEF intervals from PCG and ECG

QS1 Interval (ms)

500

400

300

200

100

QS1 Interval by EF Status

D
] X
*
%
1 2 3

EF Status

Figure 6.24: Boxplot of estimated
QS1 intervals, with the Beat-by-Beat
methodology, per Ejection Fraction

group

Table 6.8: Comparison of QS1 Interval Analysis Results (all values in milliseconds)

Metric

Median Heartbeat

Beat-by-Beat

Mann-Whitney U (EF2 vs EF3)

571.500 (p = 0.2740)

821.0000 (p = 0.1701)

54

The Median Heartbeat approach did not yield a statistically significant difference

in QS1 intervals between EF groups 2 and 3 (U = 571.5, p = 0.2740), suggest-

ing limited sensitivity to EF-related distinctions. Similarly, the Beat-by-Bea method

also failed to show significant group separation (U = 821.0, p = 0.1701), indicating

that neither method reliably captures QS1 variations across EF categories in this

comparison.
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7. Discussion

This work investigated two distinct methodologies for estimating CTls from non-
invasive signals: the Median Heartbeat approach and a deep learning-based Beat-
by-Beat model. Both methods aimed to extract clinically relevant intervals such as
S1S2, QT, QS1 and QS2 from ECG and PCG signals. Each method has its own set
of strengths and limitations, particularly when applied to multimodal physiological

data.

7.1. Challenges in CTI Estimation from ECG and PCG

One of the main challenges encountered lies in the intrinsic properties of the sig-
nals involved. ECG and PCG signals were processed independently, and many
CTls—such as QS2—span across both modalities. As a result, any degradation in
quality in either the ECG or PCG segments can propagate error to the final interval

estimate.

The PCG signal, in particular, presents greater difficulty. Acoustic signals are more
susceptible to environmental noise, microphone placement, and anatomical variabil-
ity. Moreover, heart sounds such as S1 and S2 have less clearly defined morphol-
ogy and onset/offset characteristics compared to ECG events like QRS complexes.
This ambiguity increases both manual labeling variability and model prediction un-

certainty.

7.2. Performance Comparison and Interpretation

The Median Heartbeat method significantly outperformed the Beat-by-Beat approach
in intervals derived from PCG signals, such as S1S2 and QS2. PCG signals are in-
herently more variable and susceptible to noise compared to ECG, which challenges
beat-level interval estimation. By aggregating information over multiple beats, the
Median Heartbeat method provides more robust and consistent estimates, effec-
tively mitigating the impact of non-stationary noise and morphological variability typ-

ical in PCG data.

Specifically, QS2 is a hybrid interval derived from both PCG and ECG signals. Due
to the complex and noisy nature of PCG and its interaction with ECG, the Beat-by-
Beat method struggled with noise and variability, resulting in poorer performance as

reflected by large errors and weak correlations. In contrast, the Median Heartbeat
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method yielded markedly lower error metrics and stronger correlations, demonstrat-

ing its advantage in handling multi-modal signals through averaging.

Conversely, the Beat-by-Beat method performed better in ECG-based intervals such
as QT, which benefit from the higher signal-to-noise ratio and more consistent mor-
phology of ECG signals. This is exemplified by the Beat-by-Beat method extracting
QT intervals from a greater number of recordings (84 vs. 76 for the Median Heart-
beat) and showing stronger statistical fits (higher R? and correlation values). This
suggests that beat-level analysis can leverage the stability of ECG waveforms more

effectively than in PCG-derived intervals.

When comparing QS1 and QS2 intervals, larger errors were observed for QS1
across both methods. This can be explained by the acoustic properties of the under-
lying heart sounds: S1 sounds tend to be more variable, have less distinct features,
and are more vulnerable to noise and interference than S2 sounds. Such variabil-
ity particularly affects beat-by-beat estimates, where noise accumulates and causes
greaterinaccuracy. The Median Heartbeat method partially offsets this challenge by
averaging over multiple beats, resulting in relatively better—though still limited—per-

formance for QS1.

In summary, the results highlight the critical importance of signal characteristics in
interval estimation. The Median Heartbeat method’s strength lies in its robustness
to noisy, non-stationary PCG signals and hybrid intervals, while the Beat-by-Beat
method capitalizes on the cleaner, more structured ECG signals to produce more

accurate beat-level interval estimates.

7.3. EF Group Stratification

Another point of evaluation was the ability of both methods to capture clinically rele-
vant stratifications, particularly between EF groups. The Median Heartbeat method
revealed significant group separation for the QS2 interval and showed a trend in the
right direction for S1S2, aligning with known pathophysiological patterns (e.g., pro-
longed QS2 in reduced EF). The Beat-by-Beat approach, however, failed to distin-
guish EF groups across all intervals, highlighting its lack of physiological sensitivity

in its current form.

These findings are further contextualized by results obtained from manual annota-

tions [36]. This analysis demonstrated a significant difference in the QS2 interval
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across the three EF groups (Kruskal-Wallis p = 0.008), as well as for the S1S2 in-
terval (p = 0.009), reinforcing the relevance of these markers for stratification. How-
ever, pairwise comparisons between the mid-range (EF 40-49%) and preserved EF
(250%) groups did not reach significance ( QS2 (p = 0.159) and S1S2 (p = 0.491) )
suggesting that these intervals may be more sensitive in distinguishing reduced EF

rather than more subtle gradations.

7.4. Limitations and Future Directions

Several limitations emerged during this work. First, the time resolution of 20 ms
used in the Beat-by-Beat model restricted its ability to estimate short-duration in-
tervals with sufficient precision. This limitation is especially critical for the smallest
interval studied, QS1, where clinical significance depends on capturing subtle tem-
poral variations. Training with higher temporal resolution, though computationally
more demanding, could therefore improve accuracy and clinical relevance. Sec-
ond, the independent processing of ECG and PCG signals limited the potential syn-
ergy across modalities; a multimodal network employing early or mid-level fusion
strategies might better exploit complementary information and improve overall per-

formance.

Additionally, dataset limitations—such as the small sample size in the reduced EF
group (EF1, n = 4)—prevented a full clinical stratification. Future work should aim
to collect more balanced and higher-quality datasets to enable more robust sta-
tistical comparisons and potentially explore transfer learning or domain adaptation

techniques to generalize better across diverse patient groups.

Finally, it is important to highlight that the Beat-by-Beat approach enables the cal-
culation of instantaneous intervals, unlike the Median Heartbeat approach. This
capability is particularly valuable for computing corrected intervals, which are more
clinically relevant and show stronger correlations with heart failure indicators such
as ejection fraction (EF). Enhancing the Beat-by-Beat model could therefore sup-
port more insightful clinical analyses and improve the interpretability of CTl-based

biomarkers.

7.5. Conclusion

In this work, we developed and evaluated two approaches for the automatic extrac-
tion of CTls: the Median Heartbeat method and the Beat-by-Beat approach. The

Median Heartbeat approach was designed to provide a robust estimation of CTls
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on a representative cardiac cycle, while the Beat-by-Beat approach offers a sim-
pler, heuristic-free alternative based on a per-cycle basis. From both methods, we

obtained accuracy and LVEF correlation measures, to acess their revelance.

In conclusion, the Median Heartbeat approach remains a reliable and interpretable
baseline for CTI estimation, especially for PCG-derived intervals. The Beat-by-Beat
model shows promise for ECG-based interval estimation but requires methodolog-
ical refinements to handle multimodal signals effectively. Future work may benefit
from combining the strengths of both approaches—Ileveraging model-based learn-
ing for robust ECG segmentation and template-based refinement for PCG events—to

improve performance across the full spectrum of cardiac interval estimation.
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